This paper investigates farm technical efficiency (TE),
Introduction
The Common Agricultural Policy (CAP) of the European Union (EU) among important objectives focuses on different types of farming and particularly on farming in less favoured areas (LFAs). Farms in different types of farming and in different territorial areas, particularly in LFAs, can receive different policy attention. Therefore, the research question is whether farm technical efficiency (TE) is associated with types of farming and differences in natural agricultural factor endowments between different areas, which can influence technology used, and on direction of association between farm TE and LFA subsidies.
More specifically, this paper focuses on farm TE in association with types of farming and farm location in LFAs, and on farm TE in association with LFA subsidies. The Slovenian Farm Accountancy Data Network (FADN) sample of farms is used to answer on the set research question. Slovenia has been selected because most of the Slovenian farms are situated in LFAs (SORS, 2010) , which cover 85% of Slovenian territory, of which slightly less than 72% are hilly and mountain areas (Republic of Slovenia, 2009) . LFA subsidies are important to maintain the cultivation of agricultural land and for the existence of farm agricultural activity in LFAs, particularly marginal areas (e.g. Knific and Bojnec, 2010) . The paper focuses on the two research issues. First, we analyse the impact of different technologies used by farms. It assumes inter-sectoral heterogeneity of farm technologies among different types of farming and intrasectoral heterogeneity of farm technologies among farms. Second, we investigate the effect of operation in LFA on farm TE. Therefore, the main novelties of this paper are twofold. First, random parameter model (RPM) methods are used to estimate TE for the Slovenian FADN farms. Second, propensity score matching (PSM) model and related methods are used to analyse the impacts of LFA on farms TE. Considering the importance of LFA in the Slovenian agriculture, the paper provides empirical results, which are important for research on LFAs and findings, which are important for agriculture and rural development policies.
The rest of the paper is organized as follows. In the next section is presented theoretical background, RPM and PSM model. After then are presented data and summary statistics with description of the variables used in the tested empirical models. Econometric results are based on the estimated RPM of TE for the Slovenian FADN sample of farms in association with farms situated at LFAs and non-LFAs. In addition, the impact of LFA subsidies on farms' TE is estimated using PSM approaches. Final section concludes. differences in resource endowment between different regions influence the technology applied in agriculture and cause location specific effects on production and technical change.
As our aim is to estimate TE for agricultural farms from different types of farming and compare farms at LFA and non LFA, the assumption of a common technology is certainly too strong.
We therefore assume that heterogeneity exists both among different types of farming (intersectoral heterogeneity) and among farms (intra-sectoral heterogeneity) in LFA and non LFA.
In order to handle both inter and intra-sectoral heterogeneity we use a RPM with types of farming dummies.
A general form of a RPM following (Greene, 2005) may be written as follows:
Each subvector of the full parameter vector, ( , ) , , allowed to vary randomly, e.g.
in the case of ( , ), with mean vector ( ̅, ̅ ) + Δ , where Δ , is a matrix of parameters to be estimated and qi is a set of variables that measure observable heterogeneity. Additionally, , k=( , ), , is an unobservable latent random term, which assumed to have mean vector zero and known diagonal covariance matrix Ω (usually assumed to be normally distributed);
Γ denotes scale factor, is an unobservable latent random term, represents TE and stands for statistical noise (Greene, 2005) .
We estimated different specifications of the above model concerning the effect of observed heterogeneity. However, the model in many cases has collapsed. The specification with halfnormal distribution for and homoscedasticity in was estimable. Furthermore, , was assumed to be normally distributed. In the general formulation this corresponds: = 0; ′ = 0 and ,~[ 0,1].
In the empirical application we assume a translog production frontier. Our empirical model was developed within a panel data methodology, with i=1,…N farms and t=1,…T observations per farm. Additionally, time variables (t), (tt) were added to the production function specification in order to capture the effect of technological change; the time trend is interacted with the input variables to allow for non-neutral technical change.
Our empirical model might be written as follows:
where yit is output and x are inputs in our case for labour, land, capital and intermediate consumption.
Econometric estimation of treatment effect
Our second research question is that how does LFA influence farms' TE. In standard policy analysis settings, the sample-average treatment effects cannot be calculated because we only observe one of the two possible outcomes for each individual. Thus we employ a matching estimation technique to identify the treatment effects. Following the insights of impact analysis literature we adopt a counterfactual framework developed by Rosenbaum and Rubin (1983) .
More specifically, farms selected into treatment and nontreatment groups have potential outcomes (TE scores) Y0, Y1 in both states (working or not in LFA) D=0,1: the one in which common evaluation parameter of interest is the 'average treatment effect on the treated' (ATT), defined:
Similarly we can derive estimators of the average treatment effect on controls (ATC) and the overall average treatment effect (ATE).
To solve the evaluator's classing problems the matching approach reproduces the treatment group among the nontreated by pairing each program participant with members of the nontreated group, controlling for observable characteristics. Estimating the treatment effects based on the propensity score matching (PSM) requires two assumptions. The first is the Conditional Independence Assumption (CIA), which states that for a given set of covariates participation is independent of potential outcomes. A second condition is that the average treatment effect for the treated (ATT) is only defined within the region of common support. This assumption ensures that treatment observations have comparison observations "nearby" in the propensity score distribution. For more comprehensive discussion of the econometric theory behind this methodology we refer the reader to Imbens and Wooldridge (2009) and Guo and Fraser (2010) .
However, the PSM has several limitations. First, PSM requires extensive data sets on large samples of units, and even when those are available, a lack of common support between the treatment or enrolled group and the pool of nonparticipants may appear. Second, the assumption that no selection bias has occurred arising from unobserved characteristics is very strong, and most problematic, it cannot be tested.
We employ propensity score matching (PSM) to predict the probability of working in LFA on the basis of observed covariates for both LFA and non-LFA. The method balances the observed covariates between the LFA group and non LFA farmers based on similarity of their predicted probabilities of being LFA farmers. The aim of PSM matching is to find a comparison group of LFA farmers from a sample of non-LFA farmers that is closest (in terms of observed characteristics) to the sample of LFA farmers.
Having data on LFA and non LFA farms over time can also help in accounting for some unobserved selection bias, by combining PSM and Difference-in differences estimator (conditional DID estimator). The conditional DID estimator (e.g. Smith and Todd, 2005 ) is highly applicable in case the outcome data on programme participants (i.e. working in LFA)
and nonparticipants (working in non LFA) is available both "before" and "after"periods (2007 and 2010, respectively) . In our study, the PSM-DID measures the impact of the LFA by using the differences in selected outcome indicator (ATE, or ATT) between LFA (D=1) and non LFA (D=0) in the before-after situations. The main advantage of the PSM-DID estimator is that it can relax the unconfoundedness assumption. The PSM-DID estimator also allows for quantile differences, that is assessing the effects of LFA at different points of the outcome variable's (TE scores) distributions. It means that we can compare individuals across both groups and time according to their quantile1.
Data and descriptive statistics
For purposes of empirical analysis we used data from the Slovenian FADN, which was obtained from the The Slovenian farms can receive subsidies for different purposes. We divide the various subsidy forms into six major groups: total crops subsidy (SE610), total livestock subsidy (SE615), total rural development subsidy (SE624), subsidies on intermediate consumption (SE625), decoupled payment (SE630) and other subsidies (SE699). Figure 1 shows that average subsidies per farms are considerably higher for non LFA than LFA farms. There are two prominent subsidy types: decoupled payment and rural development supports. The decoupled payment play dominant role following by rural development supports for non LFA farm. These subsidy forms are roughly equally distributed for LFA farms.
Econometric results

Technical efficiency (TE) scores
We interpret first the parameter estimates of the RPM ( Table 2 ). The input variables have been normalized with their geometric means, so the obtained parameters can be considered as output elasticities evaluated at the mean of the sample. Most of the estimated parameters are highly significant and it can be seen that criterion of theoretical consistency is fulfilled as it holds: monotonicity (βn >0; n=X1, X2, X3, X4) and quasy-concavity (βnn+ βn 2 -βn<0). This suggests that from theoretical point of view the RPM is applicable for further empirical analysis.
Regarding the effect of inputs on output it can be seen that the coefficient of elasticity associated with intermediate inputs is the largest, whereas, the coefficient of elasticity associated with land is the smallest. This relatively smaller impact of land on output can be explained by land fragmentation in Slovenian agriculture by farms and several parcels within a farm. The sum of the four coefficients of elasticities associated with labour, land, capital, and intermediate consumption is 1.18 suggesting increasing return to scale.
Moreover, both the dummy variables and the scale parameters were significant, indicating that there exist significant intra and inter-sectoral heterogeneity among the Slovenian FADN farms.
The regression coefficient that is associated with time trend is 0.015, which indicates on average technological development of 1.5% per year. The regression coefficient of time trend squared is positive and significant at 5% level, indicating that the rate of technical change increases at an increasing rate.
Additionally, the estimate of Lambda (λ) is high (1.89) and statistically significant, meaning that much of the variation in the composite error term is due to the inefficiency component, which show that technical (in)efficiency is an important aspect in Slovenian agriculture. Some differences are seen by type of farming from being insignificant for TF8=01
-fieldcrops and being negative and significant for TF8=06 -other grazing livestock, to being positive and significant for other types of farming when using TF8=08 -mixed farms as benchmark type of farming. In the next step of our empirical analysis we compared the obtained TE scores between farms in LFAs and non LFAs. Figure 3 shows that TE scores have fluctuated over the analysed period, both for farms in LFAs and for farms in non-LFAs. The TE score of the Slovenian FADN sample of farms on median was for non-LFA farms higher than the TE score for LFA farms in almost every year (except 2009). Although the difference is small, there is larger variation in TE for LFA farms comparing to non-LFA farms. This is somehow expected because LFAs due to limited natural agricultural factor endowments may cause larger variation in output. However, the empirical evidence suggests that even farms in LFAs are able to adopt the technology in a similar way than other Slovenian FADN farms.
Impact of LFA
Descriptive analysis indicates that LFA farms in average are smaller and receive less subsidies comparing to non-LFA farms. This finding suggests that instead of LFA subsidies non-LFA farms utilized other agricultural and rural development subsidy programmes, which offset LFA subsidies. Moreover, mean comparison using Kruskal-Wallis test between two groups shows that non-LFA farms are more efficient than LFA farms. However, such results may based on a selection bias arising from the fact that non-LFA farms are higher and get more subsidy than their LFA counter partners. Thus we select total agricultural subsidy and economic farm size in terms of European Size Unit (ESU) as covariates that are likely to influence both to get subsidies and TE to ensure appropriate similarity between treated and controls without violating the common support assumption.
First issue in the PSM analysis is the choice of appropriate matching algorithm. The most commonly used matching algorithms involving propensity score are the following: Nearest Neighbour Matching, Radius Matching, Stratification Matching and Kernel Matching. As the quality of a given matching technique depends strongly on a dataset, the selection of a relevant matching technique is based on three independent criteria: i) standardized bias (Rosenbaum and Rubin, 1985) ; ii) t-test (Rosenbaum and Rubin, 1985) ; and iii) de joint significance and pseudo R 2 (Sianesi, 2004) . Our estimations suggest that various methods produce very similar results, but nearest neighbours (N3) matching is the best matching algorithm for all cases 2 .
In next step we employ balancing property test (t-test) to check statistically the comparability of two groups of farms in terms of observable covariates (Caliendo et al., 2008) .
Our estimations confirm that applied matching algorithm considerably improved comparability of two farms groups making counterfactual analysis more realistic (Table 5) . After matching the differences between two groups on covariates became insignificant.
The common support condition is imposed in the estimation by matching in the region of common support. The distribution of the propensity scores and the region of common support are displayed in Figure 2 . The figure shows the bias in the distribution of the propensity scores between the groups of supported and non-supported farms, and clearly confirms the significance of proper matching, as well as the imposition of the common support condition to avoid incorrect matches. To resolve some drawbacks of the PSM methodology we combined the PSM with DID methods to better match LFA and non-LFA farms on inital characteristics. Moreover, we extend the standard PSM-DID approach with quantile estimators allowing us to examine the LFA on entire distribution of TE scores 4 . Our estimations clearly show that we can reject the inequality in TE scores between LFA and non-LFA farms not only at the mean and but along entire distributions (Table 8) . In other words, we do not find significant differences in TE between two farm groups.
This finding does contradict our previous results. This can be explained by widespread LFAs in Slovenian agriculture, while natural and structural limitations for farming can be also present in non-LFAs. Both groups of farms are able to adopt best technologies to their heterogeneous conditions for operation. Thus differences in TE between both groups of farms are smaller than one could expect.
Finally we check the comparability of two groups of farms in terms of observable covariates. Our calculations show that after matching the differences between two groups on covariates became insignificant (Table 9 ).
Conclusion
Diversified farming structures by types of farming and a large share of UAA and farms in LFAs in Slovenia are challenging issues for research and for policy makers. While the previous research investigated the role of subsidies on farm TE (e.g. Bojnec and Latruffe, 2013; Bojnec and Fertő, 2013) , so far there has not been any study to investigate inter-sectoral heterogeneity of farms TE by type of farming and intra-sectoral heterogeneity of farms using RPM approach.
As expected, the empirical results confirmed inter-sectoral heterogeneity of farms TE by types of farming and intra-sectoral heterogeneity among farms within the same types of farming.
Additionally, the results revealed that farms TE in non-LFAs was a slightly higher than for farms in LFAs. However, combined PSM and difference in difference estimator cannot reject the hypothesis on equality of farms' TE between LFA and non-LFA groups of farms. Farms' TE between both groups of farms is more similar than different as both groups of farms are able to adopt technologies to their heterogeneous operational natural, structural and policy conditions. This finding provides a clear message that a given LFA conditions can be offset by adoption of technologies, which do not necessary result in lower TE than in non-LFAs. As a result, TE between both groups of farms is smaller or even more similar than different in maintaining agricultural production. Note: ***,**,* denote significance at 1%, 5% and 10% level 
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